This paper shows how recently developed regression-based methods for the decomposition of health inequality can be extended to incorporate heterogeneity in the responses of health to the explanatory variables. We illustrate our method with an application to the GHQ measure of psychological well-being taken from the British Household Panel Survey. The results suggest that there is an important degree of heterogeneity in the association of health to explanatory variables across birth cohorts and genders which, in turn, accounts for a substantial percentage of the inequality in observed health.
Introduction
Health economists have adopted the Gini coefficient and concentration indices to provide summary measures of inequalities of health within populations (see e.g. Silber, 1988 , Wagstaff et al, 1989 , 1991 , 1994 , and van Doorslaer et al. 1997 . Like the Gini coefficient of income inequality, the Gini and concentration indices for health have the attraction that they can be decomposed by factors (see e.g., Rao, 1969 , Kakwani, 1980 . A recent contribution by Wagstaff et al. (2003) has used this property to show how a linear regression approach can be used to decompose these indices into the contributions of different explanatory variables. In this regression-based decomposition the contribution of each factor to overall inequality depends on the elasticity of health with respect to that variable, capturing the health gradient, and on the concentration index for the factor, capturing how much inequality there is in the distribution of the factor itself. Van Doorslaer and Koolman (2004) apply the regression-based decomposition to data from the European Community Household Panel (ECHP). They find that Portugal, the UK and Denmark have a high degree of such health inequality, while the Netherlands, Germany, Italy, Belgium, Spain, Austria and Ireland show lower levels of health inequality. The decomposition of these crosscountry differences according to differences in inequalities and elasticities of the factors reveals a striking pattern that the difference in elasticities across countries plays a much greater role than differences in the distribution of factors. Van Doorslaer and Koolman (2004) argue that these empirical results have important policy implications, implying that reducing health inequalities is likely to be more amenable to health policy, that operates on the health-gradient, than to fiscal policy, that operates on income redistribution.
The decomposition proposed by Wagstaff et al. (2003) and applied by van Doorslaer and Koolman (2004) and others treats individual responses to the explanatory variables (the regression slope coefficients) as homogeneous across individuals. However, in reality, there is likely to be heterogeneity in individual responses. For example, in his Nobel Lecture Heckman (2001) argues that one of the contributions of microeconometrics to economic knowledge has been to establish as an empirical regularity that economic behaviour is diverse, and that traditional econometric models failed to account for such heterogeneity:
"..the most important discovery was the evidence on the pervasiveness of heterogeneity and diversity in economic life…In the context of regression analysis not only were intercepts variable but so were the slope cefficients." Heckman (2001, p.674) .
To account for this we propose a method that deals with heterogeneity, while retaining the useful summary information provided by the regression-based decomposition approach. We show how the decomposition can be extended to allow for heterogeneity in the responses. We illustrate the method with an application to the measurement of inequality in the GHQ measure of psychological well-being using data from the British Household Panel Survey (BHPS) for 1991-99. The empirical results for the GHQ measure of psychological well-being suggest that there is an important degree of heterogeneity in the association of health to explanatory variables across birth cohorts and genders which, in turn, accounts for a substantial percentage of the inequality in observed health.
The structure of the paper is the following. Section 2 presents our main result and we show how the decomposition of the Gini index and the concentration indices into the contributions of different explanatory variables in a regression model can be modified to incorporate individual heterogeneity in all the coefficients. Section 3 discusses the main features of the BHPS data set and presents and discusses the estimates from regression models for GHQ that allow for heterogeneous responses across age and gender cohorts. Section 4 concludes.
Regression based decompositions of inequality
The departure point for our methodology is the decomposition of inequality measures into the contributions of different explanatory variables by means of a linear regression model (see e.g., Wagstaff et al., 2003) . This branch of the literature stems from the general interest in being able to decompose relevant features of a distribution into explanatory factors, some of which may be policy amenable (see e.g. Kolenikov and Shorrocks, 2005, and Shorrocks, 1999 , for a method that decomposes changes in poverty rates using the Shapley decomposition method from game theory).
The Wagstaff et al. (2003) approach applies to both the Gini coefficient for overall health inequality and the concentration index for income-related health inequality. The health Gini was proposed by LeGrand (1989) and discussed by Wagstaff et al. (1991) who also advocated the use of concentration indices for income-related health inequality (Wagstaff et al., 1989) . Many health economists have concentrated their attention on socioeconomic inequalities in health, in particular, income-related inequalities (see e.g., Wagstaff et al., 1989; van Doorslaer and Koolman, 2004) .
Others have argued that this can be too narrow and that there should be a broader focus on all sources of health inequality, not just those related to income (see e.g., Gakidou et al., 2001; Fleurbaey, 2004) . However van Doorslaer and Jones (2003) point out that, within the framework used here, it is straightforward to move between the two concepts as the Gini coefficient for total health inequality is proportional to the concentration index for income-related health inequality (see van Doorslaer and Jones, 2003, p.70) . In their empirical analysis with Canadian data they find that income-related inequality accounts for around 40 per cent of total health inequality. It is increasingly common for empirical studies to report the results of regression-based decompositions for both Gini and concentration indices (see van Doorslaer and Jones, 2003; Morris et al., 2003) . This is the strategy we adopt in this paper.
Suppose we are interested in calculating the Gini coefficient for a measure of health using individual data in a sample from the population of interest. Let yi denote a measure of health for the i th individual, i=1,2,…N, and Ri denote the cumulative proportion of the population ranked by yi up to the i th individual (their 'relative rank'). Ignoring, for expositional purposes, the fact that in general sampling weights will be necessary, the Gini coefficient, G, for health is given by (see e.g., Lambert, 1994 p.43) , (1) where
. Now let yi be given by the following linear regression model (2) where k is the number of regressors (x). By substituting this for yi, the Gini index of y can be written as (see Wagstaff et al., 2003) ,
The first term in brackets is the elasticity of y with respect to xk evaluated at the sample means ( k x and y ), and Ck is the concentration index of xk on y. The latter expression can be easily modified to obtain the concentration index of y against another variable of interest. For instance, the concentration index, CI, of health against income would be computed according to (4) where C'k denotes the concentration index of xk against income and R'i is the cumulative proportion of the population ranked by income up to the i th individual. These decomposition formulae are related to the methods that come from the "factor components" literature as reviewed by Fields (2003) . In fact, by setting the constant term equal to zero, the rest of beta coefficients equal to unity and the error term equal to zero in equation 2, it is straightforward to show that the Gini (or the concentration index) for any variable resulting from a sum of "factors" (e.g. total income as a sum of, say, labour income plus capital income) can be written as a weighted sum of the concentration indices of each of the constituent factors, with weights equal to the share of each factor over the aggregate (Rao, 1969; Kakwani, 1980) . So, if total income is a sum of labour income plus capital income, then the Gini coefficient of total income is the sum of the concentration indices of labour income on total income and capital income on total income, each weighted by their share of total income in the population (see Fields 2003) .
In practice, the decomposition formulas, (3) and (4), are applied using least squares estimates of the βs and of the residuals. Thus these inequality measures can be decomposed into an "explained part" and an "unexplained part" (see Wagstaff et al., 2003) . The "explained" part can be usefully broken down into the contributions of individual explanatory variables. As for the "unexplained" part, it is a scaled measure of the covariance of the residuals in the regression model with the position of the individual in the distribution of the variable of interest. As such, the unexplained part should be zero if the regression model for the measure of health is specified in a way such that there is no systematic variation in unobserved heterogeneity in health according to the position of the individual in the distribution of the relevant variable. So, the contribution of the residuals should be close to zero for the concentration index but may be quite large for the Gini coefficient.
The presence of heterogeneity in econometric models for microdata, as reflected by low coefficients of determination, would lead to the suspicion that a regression specification that
assumes homogeneous responses may not capture all the variation in y. A very general way to allow for individual heterogeneity is by means of a regression model for the health variable with heterogeneous parameters. Thus, the regression model can be modified to yield,
where all the parameters in the model are individual specific. Equation (5) introduces heterogeneity through a linear specification. For ease of interpretation the model can be re-written in the form,
where βk =E(βik). Assuming conditional independence of the βs and the elements of x, such that E(βik|xi)=E(βik)= βk for all k=1,…K, gives a random parameters specification and implies linear scale heteroscedasticity in vi (see, Koenker and Bassett (1982) ). This need not be too restrictive as the regressors, x, may contain high order polynomials, interactions and other transformations of the variables of interest. Koenker and Bassett (1982, p.45) show that the "linear scale model of heteroscedasticity is an important special case of the general class of models with linear conditional quantile functions. It subsumes many models of systematic heteroscedasticity that have appeared in the econometrics literature". If conditional independence of the βs and the elements of x does not hold, the model leads to a correlated/fixed parameters specification which can be estimated by introducing an individual-specific dummy variable di, i=1,…, n, (by analogy with the least squares dummy variable estimator for the fixed effects model),
So, estimation of the βis would require a long panel data set with sufficient time series variation to estimate a separate regression for each individual. In our empirical application we allow for heterogeneity across age-gender cohorts and estimate separate regressions for each group.
Substituting equation (5) into (1) we obtain, (
To provide a benchmark for our decomposition analysis, consider estimating a "pooled" regression that treats βis as constant and ignores the individual heterogeneity. Since, where β OLS denotes the OLS estimates of the coefficients from the pooled model, we can write after some manipulation, Collecting terms and changing the order of summation, Noting that the concentration index of xk on y is given by, And considering β 1 OLS a measure of central tendency for β i1, we finally obtain,
The first term of this equation is exactly the same as the first term in equation (3) Like the Gini coefficient, the concentration index for health can be written as, (7) Each component has a similar interpretation to the Gini coefficient, with health rank, R, replaced by income rank, R'. The first term is identical to the first term in (4) and the second two terms decompose the generalised concentration index of the residual, allowing for heterogeneity.
Implementation of the decomposition formulas in (6) and (7) requires individual-specific estimates of the intercepts and slope coefficients (βi). Panel data, such as the BHPS, provides the greatest scope for identifying these parameters. The βi's could be retrieved from a random parameters specification or, given sufficient time series variation, they could be estimated in a fixed effects specification with individual-specific slopes as well as intercepts. In practice, identifying individualspecific β's from a relatively short time series is problematic. So, for our illustrative empirical application, we allow for heterogeneity in responses across fourteen groups of individuals, defined by age-gender cohorts 3. An empirical application
The BHPS data
To illustrate the methods proposed above we estimate a model of psychological well-being based on scores from the General Health Questionnaire (GHQ) as measured in the British Household Panel Survey (BHPS). This application was chosen because the BHPS (see Taylor et al., 1998 for details about sampling etc.) is a recent panel data set with good quality income and socio-economic variables and because the GHQ measure can be modelled conveniently in a linear regression framework (see e.g., Hauck and Rice, 2003; Wildman, 2003) . We use nine waves of data (1991) (1992) (1993) (1994) (1995) (1996) (1997) (1998) (1999) in order to be able to estimate a health function for different population groups.
For our illustrative application, we first select individuals who had at least one interview at any of the nine waves, between 1991 and 1999. Selecting the unbalanced cases gives an initial sub-sample of 95,601 observations corresponding to 21,817 individuals. From these we have dropped the observations containing missing values in the GHQ score (5,853 observations) and those whose full household income is reported to be either below £2000 or above £77,000, or is missing (1010 observations). These income thresholds correspond to less than 1% of the observations in the extreme left and right hand tails of the distributions. A further 583 observations with missing values for marital status, social class, job status, number of children or education are dropped from the sample. Thus the estimating sample contain 88155 observations. We then group these observations according to age cohort and gender resulting in 14 different subsamples as shown in Table 1 . For our illustrative purposes it would have been possible to define demographic groups according to other variables. However, since age cohort and gender are exogenous to mental health, our choice guarantees that there is no endogenous selection into any of the sub-samples. This cannot be guaranteed with groupings based on education, say, since investment in education is generally positively associated to good health. The BHPS self-completion questionnaire incorporates a reduced version of the General Household
Questionnaire (Goldberg and Williams, 1988; Bowling, 1991) . The GHQ was developed as a screening instrument for psychiatric illness and is now often used as an indicator of psychological well-being (Hauck and Rice, 2003; Weich et al., 2001; Wildman, 2003) . The shortened GHQ includes 12 elements: concentration, sleep loss due to worry, perception of role, capability in decision making, whether constantly under strain, perception of problems in overcoming difficulties, enjoyment of day-to-day activities, ability to face problems, loss of confidence, selfworth, general happiness, and whether suffering depression or unhappiness. Responses are given on a 4-point scale ranging from 0 to 3, with 0 being the best score. For our dependent variable we use the Likert scale, which sums the individual components (Likert, 1952) . This gives an overall scale that runs from 0 to 36. To make the interpretation of results more intuitive, we have re-scaled this measure in order to make it increasing in good health. Therefore we use GHQ'=36-GHQ rather than the original GHQ score.
A model with heterogeneous responses for the GHQ score
Next we use a regression model for the level of GHQ' score allowing for heterogeneous responses by age cohort and gender. The intention of the regression model is simply to capture the linear association between the expected GHQ' score and a range of socio-economic characteristics while allowing for differential responses according to demographic group. It should not be taken as a structural model or used to infer a direction of causality. It should also be noted that we do not investigate the structure of individual heterogeneity within each of the age cohort and gender groups. In principle, it would be possible to specify error component models (either fixed or random individual effects) for each of the population groups, and the decomposition analysis of equations (6) and (7) would be fully applicable. However, given the illustrative nature of the empirical exercise, we simply opt for a specification that allows for intra-individual temporal dependence of an unknown form in the error terms. As with the random effects model, the intraindividual dependence in the error terms in this specification requires adjusting the covariance matrix of the estimates. Table 2 gives the names and definitions of the regressors and their means for the pooled samples of men and women. Table 1 and so on) present the estimates for the model where all parameters are allowed to vary.
While the RESET statistic at the bottom of the pooled model clearly suggests misspecification, the test values for the group-specific models are much lower and in several cases are well below standard critical values. In order to investigate the potential sources of misspecification, a quadratic term in the logarithm of income was included in alternative specifications for both the pooled model and the group specific models but it was not significant in any of the cases. This would favour the view that misspecification is more related to the assumption of common structure than incorrect functional form, suggesting that even finer grouping would lead to more improvements in the RESET statistics. Further evidence against the assumption of common responses is provided in the last column by the F statistic for the null of homogeneity across groups, which is well above standard critical values for the overwhelming majority of regressors.
The estimates reveal a rich pattern of heterogeneity across groups. Notably, while the marginal effect of equivalised household income is statistically insignificant for men and women in both the youngest age cohort (born between 1976-1983 ) and the oldest age cohorts (born before 1925), it takes a significantly positive value for all other cohorts and, for both men and women, reaches its maximum value for the 1935 -1944 and 1945 -1954 widowed" is associated with a lower GHQ' score than the omitted category (living as a couple), and while its effect tends to be greater in absolute value for men in younger cohorts, this event tends to have a greater negative impact on women in cohorts born before 1955. Unskilled women in older cohorts tend to report a greater GHQ' score than skilled non-manual workers (the omitted occupational category) in the same cohorts, but this effect is insignificant for the rest of demographic groups. All individuals within the "other social class" occupational category tend to report a lower GHQ' score than skilled non-manual workers within their group, but the association is stronger in old cohorts, and within the latter the effect is greater in absolute value for males.
Unemployed women belonging to the 1945-1954 cohort or younger report a significantly lower GHQ' score than those in employment (the omitted labour status category) in the same cohorts. A similar pattern is found for men belonging to the 1955-1964 cohort or younger. The "student or retired" dummy attempts to capture the effect of (labour) inactivity, in relation to the employed default category (it is important to bear in mind that for cohorts born after 1954, the majority of cases are students, whereas for cohorts born before 1945 the majority of cases are retirees.) The estimates reveal that retirees born before 1945 report a higher GHQ' score that the default category. Being a family carer is associated to a lower GHQ' score than being employed in the youngest female cohort, while men in the 1935-1944 cohort in family care tend to report a greater GHQ' score. Women with degrees or no qualifications in the youngest cohort report on average a greater GHQ' score than women with A-levels (the omitted educational category) in the same cohort. But having no qualifications is associated to a lower GHQ' score for women born between 1955-1975 and between 1925-1934 and men born between 1955-1964 and between 1925-1934. Within the 1925-1934 cohort of men, those with A levels tend to report the greatest GHQ' score.
On the other hand, within the 1935-1944 cohort, both men and women with O levels tend to report a greater GHQ' score than, respectively, men and women with A levels. The intercept terms also reveal an interesting pattern of heterogeneity: Intercepts for young cohorts tend to be greater than those of old cohorts and, also, within all but the 1935-1944 cohort, the intercept for males is greater than for females.
3 Decomposition analysis
The heterogeneity of the effects discussed above has an impact on the decomposition of the inequality measures, as shown in section 2. We now use these parameter estimates in order to calculate and decompose the Gini coefficient and concentration indices for the GHQ' score in the 1999 wave of the BHPS. Table 3 presents, for each explanatory variable in the model, the results for the decomposition of both inequality indices into:
i) The "homogeneous parameters contribution": i.e. the contribution of the product of the elasticities evaluated at the homogeneous parameters and the concentration indices of the regressors on health rank (or income rank in the case of the CI),
ii) "Heterogeneous parameters contribution": i.e. the contribution of the covariance of the heterogeneous parameters with the health rank (or income rank in the case of the CI),
Recall the expressions for the decompositions of the Gini coefficient and the concentration index in (6) and (7). As demonstrated by Wagstaff et al. (2003) , the "homogeneous parameters contributions" depend on the product of the elasticity of health with respect to each explanatory variable and the concentration index for each variable, which in turn depend on the scaled covariance between the variable and the relative rank of health or income. The "homogeneous parameters" component treats the elasticity as homogeneous across individuals as it is evaluated at the OLS estimation of βk and the means of y and xk. In Table 3 the "homogeneous parameters contributions" account for 3.20% of the observed Gini coefficient and 86.54% of the concentration index of health on income. The stark contrast between the ability of the regression model to "explain" total inequality and income-related inequality in the GHQ' score reflects the fact that income-related inequality, measured by C, accounts for only 11 per cent of total inequality, measured by G. Log ( The "heterogeneous parameters contributions" component of the decomposition shows how heterogeneity in both the intercept and the slope coefficients modifies the contribution to inequality of the regressors. The figures in Table 3 show that heterogeneity in responses increases the Gini coefficient by 2.99% and the concentration index by 5.45%. and gender, where income has a greater marginal impact on psychological well-being as measured by the GHQ' score enjoy a higher than average level of income.
An important contributor to income related health inequality is the incidence of divorce, separation or widowhood. Since this event is associated to a lower GHQ' score and there is pro-poor inequality in its distribution, it accounts for a 12.35% of the actual concentration index. However, this contribution would be larger if there was homogeneity in responses. The -5.70% figure in the "heterogeneous contributions" column shows that those individuals for whom the (negative) association between this event and psychological well-being is stronger tend to enjoy a higher than average level of income. Thus the net contribution to income related health inequality is lower than what the 18.05% figure in the "homogeneous contributions" column shows. 1 Another important contributor to the concentration index is the "other social class" indicator. Because belonging to this category is negatively associated to psychological well-being and because there is pro-poor inequality in the distribution of this demographic, this variable accounts for a 22.05% of income related inequality in psychological well-being. A substantial part of this contribution, 9,07., is due to 1 The estimates for the divorced/separated/widowed dummy variables for the youngest cohorts are affected by the fact that less than 0.25% of the corresponding samples fall within this category. We are grateful to one of the referees for pointing out that this could explain -despite the general pattern of negative impacts found for the rest of demographic groups and what one might intuitively expect-the positive (but not significant) point estimate for women in the 1976-1983 cohort. In order to gauge the potential effect of this counterintuitive result on the decomposition of the inequality indices, we have reestimated the model constraining the parameter for the youngest cohorts (of both women and men) to be equal to -0.95 (the corresponding parameter in the pooled OLS model) and re-calculated the inequality contributions. We find that the impact is not large, as the contribution of the heterogeneous components would be, respectively for the GINI and CI indices , -0,017% and 6.1%, and the counterparts to these figure in table 3 are 0,79% and 12,35%.
the heterogeneity of responses, since those individuals for whom the impact is greater in absolute value tend to have a lower than average level of income. A similar pattern is found in the contribution of unemployment, where heterogeneity of responses accounts for nearly one half of the overall 5.82% contribution to the concentration index. The net contribution of the student or retired status is made up of two conflicting components. Its "homogeneous contribution", -24.33%
of the overall CI, reflects that this demographic is on average associated to a greater GHQ' score, but there is pro-poor inequality in its distribution of this demographic. However, those for whom the effect is greater than average (men and women in the 1935-1944 cohort) tend to have a greater than average level of income and vice versa. Thus the "heterogeneous contribution" of this explanatory variable is positive.
It is noteworthy that the heterogeneity of the intercepts accounts for a large share, -50,3%, of the concentration index. Young cohorts (those born after 1954) would report, if there were no differences in neither covariates nor responses, a greater GHQ' score than older cohorts (except males in the oldest cohort). But these individuals tend to enjoy a lower than average level of income so this pattern of heterogeneity accounts for a 50,3% reduction in the concentration index.
Summary and conclusion
In this paper we have shown how the regression based methods for the decomposition of health inequality developed by Wagstaff et al. (2003) can be extended to incorporate individual heterogeneity in the responses of health to the explanatory variables. We have illustrated our
proposal with an application to the measure of psychological well-being in the BHPS (waves 1991-1999) . While this methodology is illustrated with an application for inequalities in health, it can be applied to other contexts where inequalities are relevant and an econometric model is used to explain the outcome variable of interest. A recent example outside health economics is Ferrer-iCarbonell and Van Praag (2003) , who model income satisfaction and decompose its inequality in terms of a series of conditioning variables.
Allowing for heterogeneity in the responses of individuals' health to differences in socio-economic characteristics is one way in which the specification of regression functions may be improved. This improved fit means that a higher proportion of both overall and of income-related inequality can be attributed to the "explained" component in regression-based decompositions of Gini and concentration indices. The new decomposition method presented in this paper extends the work of Wagstaff et al. (2003) to show that the contribution of regressors can be further decomposed; the decomposition of the overall level of inequality distinguishes between the contribution of the level of inequality in the regressors, evaluated at the pooled level of the coefficients, and the contribution of heterogeneity in the coefficients around the pooled values. The interpretation of the new decomposition formula has a clear parallel with the use of Oaxaca (1973) decompositions of changes in inequalities over time or across countries.
The empirical results for the GHQ measure of psychological well-being suggest that there is an important degree of heterogeneity in the association of health to explanatory variables across birth cohorts and genders which, in turn, accounts for a substantial percentage of the inequality in observed health. A particularly interesting finding is that heterogeneity in the marginal effect of income accounts for 40.54% of the observed concentration index of the GHQ' psychological wellbeing score on income. Since reducing responsiveness of health to income differentials across groups is considered an important policy-lever for the purposes of eliminating socio-economic inequalities in health, this result illustrates the possibilities for application of the methodology presented in this paper and suggests that the heterogeneity of income elasticities should be investigated further. 
